This study addresses the characterization of volatile organic compounds (VOCs) emitted by samples of 13 different wood species, belonging to both softwoods and hardwoods groups, regularly measured at different intervals of time, after the first measurement on green wood. The same wood specimens were subjected to several cycles of water desorption and adsorption, assuming that moisture variation might play a role in both the formation and emission of VOCs. Proton Transfer Reaction-Time of Flight-Mass Spectrometry (PTR-TOF-MS) was used as a tool to characterize the emission of VOCs. Coupled with a multivariate class-modelling approach, this tool was able to discriminate between groups (softwood and hardwood) and in some cases between different species. However, results showed that the discriminant capacity of VOCs emission to separate species and families rapidly decreases after the first cycles of moisture variation in wood. The green wood was characterized by a richness of volatile compounds, whereas, after only the first dry cycle, wood emitted a more restricted group of compounds. We hypothesized that most of these VOCs might have originated from structural changes and degradation processes that involve the main polymers (particularly hemicellulose) constituting the cell wall of wooden cells. The results obtained are in agreement with the physical and chemical modification processes that characterize wood ageing.
Introduction
Volatile organic compounds (VOCs) represent a large and chemically diverse group of carbon-based molecules, such as hydrocarbons and other organic molecules, with a high vapour pressure at room temperature. They are emitted into the atmosphere from anthropogenic and biogenic sources (plants, animals, microorganisms, production processes, and/or their products -Jantunen et al. 1997 , Guenther et al. 2000 . These compounds may also be formed in situ in the atmosphere as products of the transformation of other VOCs (Atkinson & Arey 2003) . The major classes of emitted VOCs are alkanes, alkenes, aromatic hydrocarbons, and oxygenated compounds, with vegetative emissions typically being composed of alkenes (such as isoprene, monoterpenes, and sesquiterpenes) and oxygenated VOCs (including acetone and methanol - Atkinson & Arey 2003) .
The classification proposal of the World Health Organization (WHO 1989 ) is the most widely used. The WHO classifies pollutants into very volatile organic compounds (VVOCs), volatile organic compounds (VOCs), semi-volatile compounds (SVOCs), and organic compounds associated with particulate matter (POM).
The emission from vegetation (biogenic emission) has been widely studied: conditions that have been explored include diurnal and seasonal variations (Grabmer et al. 2006 , Karl et al. 2003 ) in response to temperature changes (Filella et al. 2007) and to different environmental conditions (Holzinger et al. 2000) .
VOC emissions are also present in wood, and they are dependent upon many factors including species, age, and pH value; these emissions differ significantly between hardwoods and softwoods (Taiti et al. 2016 , Roffael et al. 2015 , Steckel et al. 2010 , Roffael 2006 ). Specifically, Fengel & Wegener (1989) reported that softwood polyoses contain higher amounts of mannose and galactose than hardwoods, whereas hardwoods are richer in pentoses, characterized by higher amounts of acetyl groups. VOCs from wood can originate either from compounds present in the native structure of wood, or through different chemical processes, such as oxidation and hydrolysis, that involve wood components (Roffael et al. 2015) . In general, the most common VOCs emitted from wood are terpenes, aliphatic aldehydes, and organic acids (Schumann et al. 2012) . Terpenes are the main constituent of the resin of softwoods, and aldehydes are formed by oxidative decay of fatty acids. Among the organic acids, acetic acid occurs due to cleavage of acetyl groups from hemicelluloses, whereas hexanoic acid originates from the decay of fatty acids. Furthermore, by increasing the time of storage and modi-fying the conditions of wood storage, the release of some VOCs declines dramatically over time, reaching very low emission levels (e.g., terpenes in softwoods and formaldehyde in both soft-and hardwoods are naturally occurring chemicals in wood Roffael 2006) , whereas specific treatments could determine the transformation of the originals VOCs from wood, changing their release rates (Manninen et al. 2002 , Hyttinen et al. 2010 . In addition, during storage the composition of extractives changes: the content of extractives decreases whilst free sugar, lipophilic fats, fatty and resin acids, and sterols substantially decreases (Salem & Böhm 2013) .
Previous studies have already dealt with products that derived from the degradation of wood polysaccharide fraction, after specific treatments or processing procedures of wood, showing the formation of compounds such as: (1) formaldehyde, acetaldehyde, propenal, butanal, and butanone resulting from the breakdown of the polysaccharide fraction of the wood during pyrolysis (Salem & Böhm 2013) ; (2) acetic acid following acetyl group hydrolysis in hemicellulose (Risholm-Sundman et al. 1998) ; (3) pentanal, hexanal, and other aldehydes resulting from the oxidation of unsaturated fatty acids of triglycerides (Risholm-Sundman et al. 1998 ); (4) furfural due to hydrolysis of carbohydrates (Roffael et al. 2015) ; and (5) furan and furan derivatives as thermal degradation products of cellulose and other polysaccharides (Manninen et al. 2002 , Fernández de Simón et al. 2009 ).
In the literature, no studies have been carried out on green wood (i.e., measured before the first drying cycle) and subsequently repeated on the same samples at regular intervals of time after wood moisture cycles. Assuming that moisture cycles could have an effect in VOC formation and emission, having an active (hydrolysis) or passive (carrier) role in such phenomena described as wood ageing (i.e., change in the chemical composition of constitutive polymers), the aims of the present study were:
• assessing the VOCs emitted by the wood of different species in the green condition (e.g., immediately after tree felling or increment cores sampling) and over the time in response to several conditioning cycles (e.g., variation of moisture content of the sample);
• estimating the possibility to use VOC emission as a discriminant between different wood taxaafter ageing (e.g., after repetition of different cycles of moisture variation); and • evaluating whether VOC compounds yield information about the processes of wood modification occurring during wood ageing. PTR-TOF-MS, used to characterize these emissions, is a useful analytical technique largely applied in order to provide an overview of the mass spectra of volatile compounds emitted by different materials (Vita et al. 2015 , Soukoulis et al. 2013 , Han et al. 2010 . A detailed description of the PTR-TOF-MS tool is discussed by Blake et al. (2009) .
Material and methods

Study area and sampling design
Sampling procedures including site and species description have been thoroughly described elsewhere (Taiti et al. 2016) . The list of the species studied is reported in Tab. 1. The specimens, mainly constituted by increment cores, originated from the same plant and made up of both heartwood and sapwood, were analysed in the green condition and after several cycles of moisture variation.
Moisture cycles
The first VOC analysis was performed by PTR-TOF-MS on green state increment cores (indicated as measurement time T1). Subsequently, samples were submitted to three moisture cycles from fiber saturation point (FSP) to a moisture content (MC) of 10-12%, which were intended to simulate the natural ageing of wood through cycles of moisture variation that typically occur in wood during this process (Akahoshi & Obotaya 2015) . Emissions were regularly measured at different intervals of time on samples with moisture content of 10-12% (measurement times T2, T3, and T4).
The following drying-moistened conditioning schedules were followed:
• for T2 analysis (day 7): all the samples were placed in a sealed basin (volume: 72 l) for 7 days and dried with magnesium nitrate hexahydrate for analysis (EM-SURE ® ACS, Reag. Ph Eur. CAS 13446-18-9, EC Number 233-826-7, chemical formula Mg(NO3)2·6H2O at T 20 °C (obtaining a RH 54%-58%) until no weight loss was detected and a moisture content (MC) of 10-12% was achieved for the analysis of emissions;
• for T3 and T4 analysis: subsequently, the increment cores were moistened at T 20°C and RH 100% in the same basin for 7 days and submitted to another drying cycle with Mg(NO3)2·6H2O for 7 additional days. At the end of the drying phase, samples were analysed by PTR-TOF-MS (T3, day 21). The same procedure was applied for T4 measurement (day 35 - Fig. 1 ).
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Soxhlet extraction and UV treatment of core samples
In order to assess whether the emissions were due to, or influenced by, the presence of extractives in wood or to the microbiological activity (bacteria), a supplementary set of Norway spruce samples was prepared. One sub-sample was extracted in alcohol, whereas a second subsample was subjected to UV radiation, maintaining for each test an untreated sample as control. Extractives were removed by means of Soxhlet extraction in ethanol (96%), according to standard prescription (TAPPI T 204 om-88), but without the grinding stage. The other specimen was exposed to UV treatment (Sankyo DenKi G20T10 ® lamp, 20 Watt) for 1 hour, in order to eliminate possible microbiological organisms.
At the end of these treatments, all the specimens, treated and control, were analysed by PTR-TOF-MS.
PTR-TOF-MS and VOCs analysis
The real-time detection of VOCs emitted by different wood cores was achieved using a PTR-TOF 8000 ® system (Ionicon Analytik Innsbruck, Austria). The same samples were analysed again with the same equipment to monitor the VOCs' profiles in response to subsequent ageing cycles. All VOCs emitted by the samples were assessed using a setup previously reported in Taiti et al. (2016) . Before analysing the samples, an empty jar was measured. The inlet flow was set at 100 sccm. The headspace analysis was recorded in a range between m/z 20-210 for 60 s with an acquisition rate of one spectrum per second. All of the measurements were carried out under the following drift tube conditions: 600 V drift voltage, 60 °C temperature, and pressure of 2.23 mbar, resulting in an E/N value (electric field strength/gas number density) of 130 Townsend (Td, 1 Td = 10 -17 cm 2 /V s).
PTR-TOF-MS data analysis
The raw data were acquired by the TOF-DAQ Viewer ® software (Tofwerk AG, Thun, Switzerland). Data acquisition and quantification of peaks, expressed as normalized count for seconds (ncps), were corrected according to the duty cycle, and the signals were normalized to the primary ion signal (cps ncps → - Herbig et al. 2009 ). To allow a rapid identification of compounds with a high level of confidence, the internal calibration of mass spectral data was based on three points calibration using m/z = 21.022 (H3O + ), m/z = 59.049 (C3H7O + ), and m/z = 137.132 (C10H17 + ); this was performed off-line (Lanza et al. 2015) . The tentative identification of VOCs provided by the tool (high sensitivity and with a fast selective identification) was compared on models of fragmentation available in the literature and compared with published VOCs emitted by wood species (Tab. S1 in Supplementary material). Dead time correction and peak extraction were performed according to a procedure described elsewhere using a modified Gaussian peak shape (Cappellin et al. 2011 ). Subsequently, the peaks associated with the PTR-MS ion source including m/z = 32 (O2 + ) and m/z = 37 (water cluster ion) were eliminated.
Statistical analysis
The matrix composed by 80 VOCs × 156 wood samples (13 species; 4 measurement times T1, T2, T3, T4; 3 replicates each) was used to assess the potential of the method to discriminate: (i) between softwoods and hardwoods (2 groups); (ii) among families (9 groups); and (iii) among plant species (13 groups). Three class-modelling approaches were applied to predict the aforementioned groups: (i) the model M1 built on the first measurement dataset (T1); (ii) the model M2 built on the fourth measurement dataset (T4); and (iii) the model M3 that include all the measurement datasets (T1, T2, T3, T4). Matrices at each time were separately autoscaled by column.
After this procedure, the matrix was preprocessed using the normalization algorithm (which performed normalization of the rows; i.e., samples). A partial least squares discriminant analysis (PLSDA) approach was applied for the classification of the matrix to determine hardwoods and softwoods or the 13 species using the VOCs. The models were developed using a procedure written in the MATLAB 7.1 R14 environment. PLSDA (Sjöström et al. 1986 , Sabatier et al. 2003 , Infantino et al. 2015 ) is a PLS regression (SIMPLS algorithm -De Jong 1993) in which the response variable is categorical, expressing the class membership of the statistical units. The objective of PLSDA is to find a model, developed from a training set of observations of known class membership, that separates classes of objects on the basis of their Xvariables. The percentages of correct classification were calculated for the calibration and validation phases, and then used for model selection. The PLSDA model selection was mainly based on the efficiencies and robustness parameters described above. For M1 and M2, T1 and T4 were respectively used as the calibration and validation sets, and the rest of the samples as the test set; for M3, the dataset was divided into a calibration/validation set composed by 66.67% of samples and an internal validation set represented by the remaining 33.3%. The partitioning of the models for M3, which include all the sampling times, was conducted optimally by choosing the Euclidean distances based on the algorithm of Kennard & Stone (1969) that selects objects without the a priori knowledge of a regression model. A summary of the relative importance of the Xvariables for both Y and X model parts is given by Variable Importance in the Projection (VIP - Taiti et al. 2015 , Infantino et al. 2015 . VIP scores estimate the importance of each variable in the PLS-based models.
VIP scores were calculated according to Chong & Jun (2005) . The explanatory variables with VIP scores values larger than 1 tend to be more important than others, although this does not imply that a variable with a low VIP score is not relevant for the model.
Results and discussion
Several mass peaks in the range of measured masses (m/z = 20-210) were collected from 13 different wood species at four different sampling times; 80 mass peaks were detected in the specimens from the first measurement (Taiti et al. 2016 ), but their number subsequently decreased after several ageing cycles. In Tab. S1 (Supplementary material) are reported the most significant putative molecules identified in the first analysis from wood in the green condition, including their measured m/z ratio, protonated molecular formula, chemical name, and related reference. The signals observed from green specimens varied in terms of the nature and intensity for each wood species.
According to our tentative identification, the main compounds detected were m/z = 33.033 methanol, m/z = 45. Their emission rates were successively monitored three times during the ageing of specimens ( Fig. 2 and Fig. 3 ).
All the VOCs emissions taken into account decreased in intensity starting from the second analysis (after the first drying of wood), and they subsequently disappeared after the second and third steps, excluding some VOCs that continued to be emitted in minimum quantities by some species. For instance, Pinus nigra and Cupressus sempervirens showed the highest signal intensity and the highest number of total peaks in softwood during first sampling time (Fig. 2 and Fig. 3 , Tab. S1 in Supplementary material), but in the subsequent analysis, only their emission rates of acetaldehyde and acetone were slightly higher in comparison with all other VOC species. More generally, the softwoods group (Cedrus, Pinus, and Cupressus) continued to emit more methanol than the hardwoods group.
Fresh hardwood species released higher amounts of acetic acid, probably originating from the hydrolyses of acetyl groups in hemicellulose, than terpenes compounds ( Fig. 2 and Fig. 3 ). Regarding specific profile emission from hardwoods during ageing, only Populus nigra and Ficus carica showed ethanol emission even though in very low amounts, differentiating them from the other hardwood and softwood iForest 10: 576-584 578
iForest -Biogeosciences and Forestry species here examined. The emission intensity of compounds tentatively identified as terpenes, terpenoids, sesquiterpenes, and their fragments (m/z = 81. 069; 93.070; 153.127; 137.132; 205.195) was higher in softwoods (Cedrus, Pinus, and Cupressus) in comparison with most hardwood species (Fig. 3) , with terpene compounds being the essential part of the resin composition in many softwood species (Risholm-Sundman et al. 1998 , Baumann et al. 1999 , Schumann et al. 2012 , Roffael et al. 2015 . The only exception was represented by Bay laurel (Laurus nobilis) that showed similar peak intensities for the masses regarding terpenes, due to the richness of such compounds in this species (e.g., oxygenated monoterpenes and monoterpene hydrocarbons - Flamini et al. 2007 ). However, given that terpenes are very volatile, their intensity decreased drastically by the second analysis, and, in the following cycles, terpene fragments and monoterpenes (m/z 81.070 and m/z 137.132, respectively) were recorded only in softwoods, especially in Black pine (Pinus nigra).
The comparison of the emission profiles of extracted and UV-treated samples with reciprocal control samples showed no significant changes in the observed emitted compounds. This finding seems to indicate that all the revealed emissions have to be attributed to modification processes occurring in wood and in its constitutive polymers, avoiding the hypothesis of possible interference in the results due to the presence of extractives or because of microbiological activity.
The statistical significance of the data sets measured at the different times (T1 to T4) was tested according to the models previously described (M1, M2, M3) .
The performance indicators of the PLSDA models M1 and M2 tested on the other measurement times are reported in Tab. 2. The M1 model adopted to discriminate hardwood vs. softwood samples using 3 Latent Vectors showed 0.98 and 0.93 mean sensitivity and specificity values, respectively. The mean classification error was 0.05. The mean percentage of correct classification was determined to be equal to 100% for the calibration/validation set (at T1), whereas at T2 it decreased to 84.6%, and at T3 and T4 to 79.5%. The M1 model adopted to discriminate the 9 families used 15 Latent Vectors and showed 1 as the mean sensitivity and specificity values. The mean classification error was equal to 0. Even in this case, the mean percentage of correct classification was equal to 100% for the calibration/validation set (at T1), while at T2 it steeply decreased to 10.3%, and at T3 and T4 to 7.7%. The M1 model that was adopted to discriminate the 13 species used 10 Latent Vectors and showed 1 as the mean sensitivity and specificity values. The mean classification error was equal to 0.
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The mean percentage of correct classifications in this case was determined be equal to 100% for the calibration/validation set at T1, while at T2 it sharply decreased to 18.0%, and at T3 and T4 to 25.6%.
The results obtained applying the M1 model to the classification of the samples clearly showed the difference in the quality of the VOCs emitted at T1 (fresh wood) and in the subsequent steps (T2 to T4).
The M2 model adopted to determine hardwood vs. softwood samples at T4 using 6 Latent Vectors showed mean sensitivity and specificity values of 1 and 0.98, respectively. The mean classification error was 0.01. The mean percentage of correct classification was determined to be equal to 100% for the calibration/validation set at T3 and T4, whereas at T2 it decreased to 84.6% and at T1 to 66.7%. The M2 model used 9 Latent Vectors to discriminate the 9 families and showed mean sensitivity and specificity values of 0.9 and 1, respectively. The mean classification error was equal to 0.08. The mean percentage of correct classification was found to be equal to 84.6% for the calibration/validation set at T4, while at T3 it decreased to 79.5%, then at T2 it drastically decreased to 20.5%, and at T1 to 7.7%. Then, to discriminate the 13 species, M2 used 8 Latent Vectors and showed mean sensitivity and specificity values of 1 and 0.9, respectively. The mean classification error was equal to 0.03. The mean percentage of correct classification was determined to be equal to 80.8% for the calibration/validation set (at T4), whereas at T3 it decreased to 74.4%, then at T2 it drastically decreased to 20.5%, and at T1 to 7.7%.
The performance indicators of the PLSDA model M3 built on 66.7% of the full dataset and tested on the remaining 33.3% are reported in Tab. 2. The M3 model adopted to determine hardwood vs. softwood samples using 6 Latent Vectors showed mean sensitivity and specificity values of 1. The mean classification error was 0. The mean percentage of correct classification was found to be equal to 100% for both the calibration/validation and the test sets. The M3 model adopted to discriminate the 9 families used 15 Latent Vectors and showed mean sensitivity and specificity values of 0.88 and 0.93, respectively. The mean classification error was equal to 0.10. The mean percentage of correct classification was observed to be equal to 82.6% for the calibration/validation set and 67.3% for the test set. The M3 model adopted to discriminate the 13 species used 17 Latent Vectors and showed mean sensitivity and specificity values of 0.89 and 0.93, respectively. The mean classification error was equal to 0.10. The mean percentage of correct classification was found to be equal to 78.9% for the calibration/validation set and 73.1% for the test set.
Tab. 3 and Tab. 4 show the classification test set results for the M3 families and species, respectively, reported as a confusion matrix. Each row of the square matrix represents the instances in the actual class (i.e., observed), while each column of the matrix represents the instances in the predicted class. Each entry, then, gives the number of instances of real classes that were classified as the predicted class. As a result, all correct classifications are on the main diagonal of the matrix; any value off that diagonal is an incorrect classification observation. The accuracy of the statistical classification of the model is evaluated by two different measures, the producer's accuracy (PA) and the user's accuracy (UA), reported in Tab Tab. 4 -Confusion matrix for the 13 M3 species test set. Correct classification of wood samples are on the main diagonal of the matrix, while any value off the diagonal represents an incorrectly classified observation. 
PLSDA model M3 Predicted species
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categories are less misclassified into the category in question. The two matrices return an accurate representation of statistical classification, and incorrect classifications based on the M3 model occur especially for the Fabaceae family (PA = 25% and UA = 33.3%) and regarding species as Prunus amygadalus (PA = 0% -Tab. 5 and Tab. 6).
In Tab. 7, the protonated measurement masses presenting high VIP scores for taxonomic, families, or species discrimination based on the three different models are shown. In particular, it is worth noting that the chemical species with higher significance for hardwoods and softwoods discrimination in the M1 model were m/z = 81.070 (TI: monoterpene fragment) and m/z = 205.195 (TI: sesquiterpenes), but in the other two models these masses were no longer suitable for taxonomic discrimination. On the other hand, compounds with higher VIP value that are able to discriminate families and species, both in M1 and M2 models and in some cases also in the M3 The M1 model confirms that VOC emissions tend to decrease with time; in fact, green wood samples are characterized by a multiplicity of compounds not present or negligible in wood after a few moisture cycles. Softwoods and hardwoods are still discerned (> 79% for all sampling-analysis time), whereas the predictive capability for families, and especially for species, drastically decreases even as soon as T2. Even applying the M2 model, it is possible to distinguish between softwoods and hardwoods with a mean % value of at least 66.7% for T1; nevertheless, this model is able to identify families and species with a mean % value higher than 50% only at the T3 sampling time.
The M3 model maintains an accurate predictive capacity only because it also contains the data obtained with measurements carried out on fresh wood, in the absence of which the prediction capability of the models becomes very poor (as shown by Model 2).
Despite the usefulness of the three models in using VOCs as a possible tool for identifying species, families, or groups, the statistical analysis clearly showed the significant difference between the measurements at T1 (green wood) and the measurements after a few cycles of moisture variation (T2 to T4).
In particular, the results of this study indicate that after the first cycles, both softwood and hardwood species tend to converge towards a common class of compounds, but a small residue of terpenes persists in the case of softwoods. It seems that green wood is still rich in compounds originated from physiological activity of the tree. Furthermore, it seems that the majority of these compounds are very volatile and, during moisture cycles, the iForest 10: 576-584 582
Tab. 5 -Producer accuracy (PA) and user accuracy (UA) for families based on the M3 model. Sassoli residual compounds measured can be correlated to the processes of structural modification of the cell walls. This explanation is confirmed by studies carried out on aged wood that show a lower content of hemicellulose and a significant reduction of its hygroscopicity (Obataya 2007) . This analysis of VOCs indicates that such process starts when the first drying of wood occurs, and the tests on extractives and microbial-free wood allows us to exclude the influence of these two factors on the products emitted. In this study, moisture cycles were used to simulate and accelerate a natural wood process which occurs gradually over time, with a rate that can change according to wood species and timber thickness. Further investigation are required in order to assess whether water and moisture changes inside wood have an active role in the alteration of polymers. However, despite the fact that heat treatment changes the composition of wood permanently and modifies the emission of VOCs from the material (e.g., increasing the emission of furfural that is the main thermal degradation product of hemicellulose), it is interesting to compare our results with those obtained by Manninen et al. (2002) and Hyttinen et al. (2010) on Norway spruce (Picea abies), Scot pine (Pinus sylvestris), and European aspen (Populus tremula). In their works, they demonstrated that the emissions of terpenes from softwoods and aldehydes from hardwoods decrease significantly after heat treatment. Assuming that the heat treatment produces an extreme and very intense ageing of wood, this confirms the trend showed by our results and clearly attests to the loss of these compounds by different wood species during normal ageing of wood.
Conclusions
Our results showed that, as a consequence of the moisture cycles applied, the spectra of VOC emissions from wood were significantly changed. Emission rates of all observed compounds decreased after only a few moisture (ageing) cycles. Moreover, we did not observe any increase in the emissions of specific compounds or the presence of new compounds during the simulated ageing.
The statistical analysis showed that the two PLSDA models (M1 and M2) based on a single set of measurements (T1 and T4, respectively) were not suitable for discriminating among groups of aged wood samples (hardwoods vs. softwoods, families and species), whereas using the M3 model allowed to correctly discriminate between softwoods and hardwoods. This depends on the fact that the M3 model also contains the data set acquired at T1 (green wood), combined with the other 3 datasets (T2, T3, T4).
During the moisture cycles, wood VOC emissions were subjected to quantitative and qualitative modification of the acquired spectra in all the species studied. Apparently, losing the compounds produced by the metabolic activity of the tree, the wood emits compounds that possibly stem from structural changes and degradation processes of the main polymers constituting the cell wall. These polymers are common to all wood species, with slight differences in their chemical composition. These results clearly indicate that the analysis of VOCs might be applied to the identification of wood species only on very fresh wood, when the wood material still contains all the classes of compounds characterized by strong volatility. As soon as the natural cycle of variation in the moisture content (i.e. moisture desorption and adsorption) begins, the composition of emissions changes, making wood identification by VOCs very hard even at the highest hierarchical level of taxa (i.e., families).
The results of this study do not clarify the role of water in the observed processes. Further studies are needed to elucidate if water can be considered only as a VOC carrier or it has an active role in the hydrolysis of wood polymers (or both of these processes). Specific treatments (Soxhlet extraction and UV treatment) applied to a separate and supplementary set of samples of Norway spruce (Picea abies) allowed us to exclude the potential effect of microbiological activity or extractives on the observed results.
In this study both the nature and the amount of VOCs emitted by wood at different times seem to indicate that the native organization of the wooden structural polymers (i.e., cellulose, hemicellulose, lignin, and their reciprocal bonding) starts to be modified immediately after the first exposure to the external environment, initiating a process of ageing that can affect the physical, mechanical, and acoustical properties of wood, and whose practical consequences are only recognizable over very long periods of time.
Extending the analysis of VOCs by PTR-TOF-MS on increasingly aged and naturally aged wood samples, will help verify the presence of new signals to be possibly matched with specific degradation processes of wood components.
